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Abstract
We study the determinants of somatic cell count (SCC) for farm milk among US dairies.
We synthesise much of the work that has been done to model SCC determinants in order
to identify the potential impacts of buyer-imposed penalties and incentives within the
supply chain. Additionally, we estimate quantile regression for count data to measure
impacts specifically for those operations with the highest SCC and to account for the stat-
istical properties of the data. Premiums in particular have the potential to reduce SCC
considerably where it is currently the highest. We draw implications for profitability
in relation to SCC reduction.
Keywords: somatic cell counts, ARMS data, farm profitability, quantile regression,
count data
JEL classification: Q16, Q12, C25, Q13
1. Introduction
The quality of agricultural commodities in the United States, broadly defined,
has wide-ranging economic implications. Quality drives prices received by pro-
ducers as well as those ultimately paid by consumers in the retail sector. Consu-
mers and all agents of the post-farm gate food supply chain increasingly demand
food that is safe and traceable, factors tied directly to quality. The quality of
US agricultural output, relative to that of other nations, shapes international
supply, demand and trade. We draw upon a wealth of research across disciplines
to develop an economic model to understand the quality determinants of
farm milk, or bulk-tank fluid milk, as measured by somatic cell count (SCC).
A great deal of work in the dairy industry, much of it summarised by Blowey
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and Edmondson (2010), has focused on SCC, because it shares a well-
established, inverse relationship with quality. A growing body of international
evidence (e.g. Bennett, 2003) suggests that reductions in SCC in the US dairy
industry can mitigate the economic costs of diminished yields or infectious dis-
eases that have been linked to elevated SCC and related bovine health issues.
Farm milk is one of the United States’ most important agricultural commod-
ities. The factors most important in shaping farm milk quality are relevant to
welfare considerations throughout the dairy industry and for consumers, as a
factor shaping retail food prices, and to the competitiveness of US agriculture
in the global market. Dairy products rank third among all agricultural commod-
ities in terms of total receipts (Economic Research Service, 2013) and 12th
according to the total value of exports (Economic Research Service, 2011).
With respect to global agriculture, it has been argued that comparatively lax
federal regulations regarding allowable SCC in farm milk leaves the US dairy
industry at a competitive disadvantage relative to other major exporters
(Dong, Hennessy and Jensen, 2012). Several states have begun imposing stricter
SCC limits, which are more comparable to those of other major dairy-producing
nations. One consideration that factored into undertaking this study concerns
the extent to which economic incentives themselves are associated with lower
levels of SCC.
Our results provide implications for both dairy producers and buyers with
respect to increasing farm milk quality via reductions in SCC. In particular,
we investigate how incentives or penalties, which can be imposed without
high fixed costs (as compared with adjustments in capital or technology)
within the dairy industry, may be exploited to significantly reduce SCC. We
also investigate important potential linkages between SCC and producer profit-
ability. According to the Agricultural Resource Management Survey (ARMS),
the majority of dairy producers in the United States are not profitable, in that they
do not have positive net returns. There appears to be a connection between
average SCC levels and the probability of being profitable, particularly
among smaller operations. Meeting certain SCC thresholds, set lower than the
federally regulated maximum, may be reasonably attainable for a range of
operations according to our results and can increase the likelihood of dairy pro-
ducers establishing profitability.
2. The economics of SCC and the dairy industry
Farm milk in the United States is marketed according to a grading system. The
federal government has set standards to determine quality as being of Grade A or
Grade B, the standards for the former being more stringent. Only Grade A milk
can be marketed for fluid consumption, while Grade B milk is used for the pro-
duction of cheese, butter and other products. Approximately 99 per cent of all
milk produced in the United States is Grade A (USDA National Agriculture
Statistics Service, 2015). The remainder is often referred to as ‘manufacturing
grade’ milk within the dairy industry. SCC is one of the two measures, the
other being standard plate count, used nationally to assess quality and to
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distinguish Grade A from Grade B milk. The premium commanded by Grade A
milk and its suitability for a wider range of commercial uses have generated
interest among economists regarding how dairy producers may be incentivised
to reduce SCC and obtain Grade A-status for their output (Balagtas, Smith and
Sumner, 2007).
The majority of economic research related to SCC, however, has focused on
the direct and indirect costs associated with bovine diseases and other issues
attributable to high SCC. These costs, broadly defined, stem from multiple
sources. Increased SCC in raw milk is associated with adverse effects on
product quality for a variety of products including reduced cheese yield, devel-
opment of off-flavours and reduced shelf life for milk (Barbano, Ma and Santos,
2006) as well as reduced yields from dairy cows (Howard et al., 1991; Green,
Schukken and Green, 2006). The price commanded by farm milk likely bears
an inverse relationship with SCC, ceteris paribus. Atsbeha, Kristofersson and
Rickertsen (2012) estimated a hedonic pricing function for bulk-tank farm
milk and found it to decrease nearly linearly with SCC. Dekkers, Van Erp and
Schukken (1996) estimated that the pecuniary benefits dairy producers may
achieve, per cow, by reducing SCC below various threshold levels. The benefits
were drawn mostly from the increased yields and higher milk prices that would
result from lower SCC.
High SCC is strongly associated with the incidence of bovine mastitis
disease, which is one of the most significant and quantifiable sources of the
costs arising from high SCC levels. Importantly, dairy cows afflicted with mas-
titis are unable to produce milk, at least temporarily. The mammary gland may
cease production entirely, and the udder sac becomes inflamed and firm (Roden-
burg, 2012). It is the single most costly disease to dairy producers (Bennett and
IJpelaar, 2005; Rodenburg, 2012). Recently economists have come to recognise
that the capacity to control outcomes such as mastitis may be enhanced from
insights gleaned through modelling techniques and empirical approaches com-
monly used in the field (McInerney, 2008). Huijps, Lam and Hogoveen (2008)
found that dairy producers are likely to underestimate considerably the costs
associated with bovine mastitis, suggesting that further research and education
on the economic impacts of the disease as well as an improved incentive struc-
ture towards reducing SCC are likely motivated. To that end, Huijps et al. (2010)
demonstrated penalties to be more effective than bonuses in reducing SCC and
mitigating mastitis. Bocqueno, Jacquet and Reynaud (2013) provide meaning-
ful background for this finding, demonstrating that farmers throughout agricul-
ture are far more sensitive to losses than they are to gains. As demand for organic
foods continues to expand in the United States and organic production grows
concomitantly, it remains unclear as to whether there is a systematic difference
in SCC or the incidence of mastitis between organic and conventional opera-
tions and, if so, the direction of the difference (Richards et al., 2002; Dong,
Hennessy and Jensen, 2012).
Several studies have attempted to estimate the total economic costs asso-
ciated with increases in or high levels of SCC. The identification of costs asso-
ciated with SCC is difficult due to the large number mechanisms by which
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SCC can generate economic loss as well as the multitude of agents, including
consumers, tied to farm milk output and quality. Bulk-tank SCC spiked in the
United States in 1996 and a large number of studies attempted to estimate the
related economic impacts. In a survey of this literature, Losinger (2005) esti-
mated that this short-term increase in average SCC levels resulted in a net
loss of approximately USD 810 million to the US economy. Bennett (2003)
found that mastitis alone is responsible for a net loss of GBP 57–185 million
to the UK economy annually. It is not an objective of this article to refine the es-
timation of the economic costs of SCC, but rather to improve our understanding
of the determinants of SCC, including economic incentives, given the potential
for improvement in the US dairy industry and the myriad-related costs of
excessive SCC.
3. Econometric model
Our study is not the first to examine empirically the determinants of SCC or
closely related bovine diseases, such as mastitis. SCC has been modelled in
many different ways,oftentimes as the basis of a case study, and almost uniform-
ly for European countries. Our empirical approach can be thought of as a synthe-
sis of different approaches to the problem, applied to the United States and with a
data set that stands out in the extant literature for its depth and richness, namely
the ARMS.
Broadly speaking, models of SCC to date have focused primarily on produc-
tion practices and managerial factors. Production practices that have been
studied, which are often tied to SCC via biological mechanisms, include the
adoption of organic status (Richards et al., 2002; Haskell et al., 2009) or the
method of milking (Green, Schukken and Green, 2006; Sauer and Zilberman,
2012). Relevant managerial factors include attributes of managers such as loca-
tion or capital intensity as well as linkages to the buyers and the supply chain
(Howard et al., 1991; Huijps et al., 2010; Dong, Hennessy and Jensen, 2012).
In this latter category, some studies have focused specifically on the roles of pre-
miums or penalties imposed by buyers (Nightingale et al., 2008; Hand, Godkin
and Kelton, 2012).
To be sure, there is often some degree of overlap among these studies, particu-
larly since production practices and managerial factors are typically interre-
lated. However, owing largely to data limitations and small sample sizes, few
studies have incorporated key elements from both categories. Dong, Hennessy
and Jensen (2012), who use the same data utilised in our study, are an exception
to this although they do not examine the importance of incentives within the
dairy supply chain, generated through the buyer–producer relationship that
can be so important to shaping milk quality. We argue that it is these factors,
endemic to the terms established between buyers and dairy producers, that
provide fertile ground for the identification of cost-effective and logistically
practical means by which to reduce SCC in the US dairy industry. This is a con-
tention strongly supported by the work of Huijps et al. (2010). Drawing on the
implications of previous research on SCC and mastitis, we model milk quality








niversity user on 03 N
ovem
ber 2020
among dairy producers as
Milk Quality = f (Buyer Terms, Production Practices,
Managerial Factors) + error,
(1)
where Buyer Terms serves as an umbrella term for the quality-based require-
ments imposed upon producers by milk buyers and any related penalties or
bonuses. Model (1) is designed to control for key determinants of SCC as evi-
denced by the existing literature on the topic in order to flesh out the potential
role of buyer requirements or standards. The econometric specification is
therefore
SCCi = b1 + b2 SCCPremiumi + b3 VolumePremiumi + b4 TestPenaltyi
+ b5 PricePenaltyi + b6 SecurityGuidelinesi + b7 MGMTPracticesi
+ b8 HerdSizei + b9 HerdSizeSqi + b10 CowAgei
+ b11 HousingAgei + b12 Organici + b′Locationi + 1i. (2)
3.1. Data and variable construction
The data used in the empirical analysis are drawn from the USDA’s 2005 ARMS
Phase III, administered jointly by the USDA’s Economic Research Service and
National Agricultural Statistics Service (NASS). The ARMS Dairy Costs and
Returns Report provides detailed data on a large and varied sample of dairy
farms. The underlying survey is part of a larger data collection endeavour by
the USDA and responses are obtained through a sequence of in-depth structured
interviews with producers. The survey is conducted approximately every5 years,
but the most recent 2010 Dairy survey does not include information on SCC. All
variables are drawn directly from ARMS. The survey targeted dairy operations
in 24 states that account for more than 90 per cent of national milk production
and covered all major production areas (McBride and Greene, 2009). The
survey had a total of 1,814 observations. Omitting plausible outliers in the dis-
tribution of reported SCC as well as those operations lacking responses to key
questions yielded 1,552 usable observations.
The complete list of variables used in the analysis, including brief definitions
and sample summarystatistics, is available in Table 1. We include key quantiles,
those same used in our empirical framework, for each variable to illustrate the
extent to which SCC and many other producer characteristics vary within the
sample. The dependent variable, SCC, gives the annual average bulk-tank SCC
for dairy producer i. For the purpose of ARMS data collection, SCC is reported
in thousands, suggesting the importance of accounting for the statistical proper-
ties of count data. We revisit this point in detail below.
We examine two variables representing bonuses or rewards. SCCPremium
reports the value of the premium, in dollars per hundred weight (cwt), offered
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Table 1. Variable descriptions and sample summary statistics (N ¼ 1,552)
Variable name Description Mean
Quantile
0.25 0.50 0.75 0.95
SCC Somatic cell count (SCC) (in 1,000s) 257.50
(114.90)
180 250 320 450




0 0.10 0.28 0.80




0 0 1 1
TestPenalty Index reporting the number of questions asked by buyers for




0 0 0 2
PricePenalty Index reporting the number of questions asked by buyers for




0 0 1 4
HerdSize Dairy cow herd size (1000s) 0.36
(0.69)
0.06 0.13 0.35 1.55
HerdSizeSq Dairy cow herd size squared (quadratic term) 0.60
(3.43)
0.04 0.16 1.22 2.39
SecurityGuidelines Score based on the adherence to biosecurity guidelinesa 1.23
(1.33)
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MgmtPractices Score based on management practices utilised 5.17
(2.59)
3 5 7 9
WesternState Binary ¼ 1 if farm is located in a western dairy stateb 0.22
(0.42)
0 0 1 1
TraditionalState Binary ¼ 1 if farm is located in a traditional dairy state 0.49
(0.50)
0 0 1 1
OtherState Binary ¼ 1 if farm is located in an other state 0.29
(0.45)
0 0 1 1
CowAge Average age of cows in milking herd (years) 4.53
(1.08)
4 4 5 6
Organic Binary ¼ 1 if operation was certified organic 0.20
(0.40)
10 16 25 45
HousingAge Average age of the housing units used for dairy cattle (years) 19.28
(13.54)
0 0 0 1
Note: Sample standard deviations for the entire sample are reported in parentheses.
aThe applicable biosecurity guidelines, as well as management practices, are drawn directly from the ARMS survey and are listed in Appendix B.
bThe state classifications follow MacDonald et al. (2007) and are as follows. Western states: AZ, CA, CO, ID, MT, NV, NM, OR, TX, UT, WA and WY. Traditional dairy States: CT, DE, IA, IL, IN, MA,
MD, ME, MI, MN, MO, NH, NJ, NY, PA, OH, RI, VT and WI. Other States: AK, AL, AR, GA, FL, HI, KS, KY, LA, MS, NC, ND, NE, OK, SC, SD, TN, VA and WV.
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by the buyer in return for yielding SCC levels below an agreed-upon threshold.
This variable can take the value of zero. It represents the combination of
responses to two questions in ARMS. One question asks if a SCC premium is
offered at all, and the follow-up question asks the value of the premium if one
is offered. Over 59 per cent of dairies were offered an SCC premium with the
premium averaging about 24¢ per cwt. A preliminary investigation revealed
that operations which dealt with buyers offering a premium had lower average
SCC levels (244 thousand cells per ml) compared with the dairies that had no
premium structure in place (294 thousand cells per ml). We sorted the dairies
in the observed sample retained for the model into quartiles by the reported
SCC. The average premium paid for dairies in the lowest quartile of SCC was
USD 0.36 per cwt, dropping to USD 0.12 per cwt for dairies in the highest quar-
tile of SCC. The empirical regularity is that higher premium payments are asso-
ciated with lower SCC values or higher quality milk from the dairy producer.
VolPremium is a dummy variable equal to one if the producer was offered a
premium for meeting an annual volume threshold, also agreed upon between the
buyer and seller. Over 43 per cent of the surveyed operations were offered a
volume premium for their milk production. The proportion of operations receiv-
ing a volume premium increases with size. For the smallest dairies (1–49 milk
cows), only 18 per cent receive a premium while premiums are reported by over
60 per cent of dairies in the largest size class (over 500 cows).The potential
impact of the volume premium on SCC is unclear: higher overall milk yield is
typically associated with lower SCC (Green, Schukken and Green, 2006);
however, given herd size, high yielding cows are more prone to mastitis
which is associated with higher SCC and reduction in yield.
We also focus on two variables representing penalties imposed by buyers for
failing to meet imposed standards. Respondents to ARMS are presented with a
series of eight requirements that are commonly set by buyers and asked to indi-
cate how many requirements are imposed to them and, if imposed, the respective
ramifications of failure. TestPenalty reports the number of these standards for
which the penalty of failure is a re-testing of milk quality, specifically SCC
levels, by the buyer. PricePenalty reports the number of questions for which
the penalty is a potential reduction or renegotiation of the milk selling price.
The full details behind the construction of these variables are available in
Appendix A.
The next set of variables address managerial factors, which largely describe
dairy operations in an effort to control for key SCC determinants as shown by the
literature. Most of these are relatively time-invariant or very costly to adjust,
though exhibit a large degree of cross-sectional variation. HerdSize and Herd-
SizeSq are linear and quadatric, respectively, counts of dairy cows in the oper-
ation, in 1,000s. Allore, Oltenacu and Erb (1997) and Oleggini, Ely and Smith
(2001) found larger herds to be associated with lower bulk-tank SCC. These
studies showed that larger operations, with larger herds, may target markets
with lower SCC thresholds (e.g. export markets) and are more likely to invest
in and utilise technology to maximise milk yields per cow, which are factors
that may reduce SCCs at the margin. The ARMS data confirm that larger herd
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sizes tend to have lower SCC levels while also reducing the variability of SCC.
Operations with the largest herd size (500 or more cows) report the mean SCC
levels that are about 6 per cent lower than the smallest dairies (less than 50
cows). The variability of SCC for the largest herds is almost 18 per cent lower
compared with the smallest dairies.
Several studies on the dairy industry have uncovered systematic differences
in performance, profitability, quality and yields by geographic region. MacDon-
ald et al. (2007) surveyed the dairy industry using ARMS data and organised
dairy-producing states into traditional, western, southern and ‘other’ categories.
We use this classification to construct a vector of geographical dummies Loca-
tion.1 CowAge is the average age of the cows in the milking herd, as Harmon
(1994) and Dong, Hennessy and Jensen (2012) showed the age of dairy cattle
to be a small but significant factor driving up SCC. This is particularly true
among cows affected by mastitis. HousingAge is the average age of the housing
units used for dairy cows. Following Dong, Hennessy and Jensen (2012), we
include this as a measurement of the extent to which housing facilities are
modern and equipped to contain or reduce SCC.
The final set of variables focuses on production practices, which are related to
managerial factors but more closely determined according to operators’ choices
and typically more elastic over time. SecurityGuidelines is an index that reports
the extent to which operators abide by a series of common biosecurity measures,
categorised within ARMS. MgmtPractices is also an index, showing the extent
to which operators engage in a series of practices listed in ARMS that involve
the use of modern milking or testing methods, digital technology and marketing
techniques. The complete details behind the construction of this variable are
available in Appendix B.2 Finally, Organic is a dummy variable equal to one
for certified organic operations. Recall that the expected relationship between
SCC and organic status is not clear. Richards et al. (2002) note that organically
producedmilk may have higherSCC due to the increased incidenceof infections
among cattle on these operations, but that organic producers typically hold their
milk with the highest SCC back from the market in order to achieve average SCC
levels below certain thresholds. Richards et al. (2002) also note that there may
be reason to expect SCC to increase with cow age more rapidly on organic
1 We also experimented with defining location based on federal milk marketing orders (FMMOs).
Many dairies in the United States are subject to geographical FMMOs, each of which have regula-
tions governing output and pricing. The upper Midwest FMMO, for example, explicitly incorp-
orates SCC into the price calculation for some fluid milk (Jesse and Cropp, 2008). Unfortunately
FMMOs do not follow state borders in most cases and we have no other means by which to ascribe
dairy operations to FMMOs, which means that using this convention incorporates measurement
error. However, the signs of the variables of interest, including all penalty and premium variables,
were unchanged in the FMMO regressions. A map of the FMMOs is available here: FMMO Areas.
2 We considered separating out the marketing techniques from this measure, as their potential rela-
tionships with SCC are not as clear as those linking technological enhancements or modernization
in general. The practices in question are forward purchasing and price discounts, both of which
are defined fully in Appendix A. However, the proportion of farms surveyed that utilize these
approaches is very small and either removing both or treating them as a separate index does
not change the findings.
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operations, as compared with conventional. We initially interacted CowAge
with Organic to investigate this possibility and found no evidence to support
this.
3.2. Estimation issues
The ultimate objective of this study is to identify means by which dairy opera-
tions can feasibly reduce SCC in order to meet lower thresholds, or higher quality
standards. Naturally, this exercise has the strongest implications for those pro-
ducers exhibiting the highest SCC. Estimating Equation (2) with ordinary least
squares (OLS) or any approach that imposes the requirement that the conditional
probability distributionmust be approximated by a few moments of a parametric
distribution limits our interpretation of coefficients to estimated impacts on
mean SCC. As Dong, Hennessy and Jensen (2012) argued, quantile regression
is a potentially valuable tool for this research question as it allows for the esti-
mation of effects on SCC specific to operators with different levels of SCC,
most importantly those with the highest and greatest need for improvement.
Moreover, we argue that it is appropriate to model SCC as count data, given
that it consists of discrete, non-negative integers. The variable includes no infor-
mation past 1,000, therefore as an example, an actual SCC between 55,000 and
56,000 is recorded in ARMS as 55. OLS relies on the assumption of normality,
which is typically violated by the highly skewed nature of count data, and this
can lead to inefficient estimates (Cameron and Trivedi, 1998). Taking these
factors into account, we subject Equation (2) to a generalised Poisson estima-
tion, which is widely considered appropriate for use with count data, as well
as quantile regression for count data. Via the latter approach, we examine
how quantiles of the conditional distribution of a response variable recorded
in discrete units (1,000s of SCC) depend on a set of explanatory variables.
In addition to modelling the entire distribution of SCC within the survey, the
quantile regression approach relaxes important restrictions in the parametric
specifications of count data models. When using more common count data
approaches, such as the generalised Poisson or negative binomial, the relation-
ships between explanatory variables and response variables are determined ex-
plicitly by a few moments of the parametric distribution (Winkelmann, 2006). In
our context, these restrictions would ensure that SCC increases yield only a
single switch between positive and negative marginal effects. The quantile
model for count data relaxes these restrictions and allows for a richer determin-
ation of the relative magnitudes of marginal effects.
The quantile regression for count data approach was developed by Machado
and Santos Silva (2005). The methodology is based on a smoothing algorithm
that constructs a continuous variable with conditional quantiles that have a
one-to-one relationship with the conditional quantiles of the counts. The dis-
crete count response, yi, is replaced with a smooth, continuous transformation
so that linear quantile regression methods can be applied. An auxiliary variable
is created such that zi ¼ yi + Ui[0, 1), where Ui is a uniform random variable in
the interval [0, 1). Any continuous distribution that has support on [0, 1) can be
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used in the transformation and standard quantile techniques can be applied to a
monotonic transformation of the auxiliary variable zi. The estimated quantiles of
zi are non-negative and the transformed quantile function is linear in the para-
meters when a monotonic transformation is used.
Let Qy(t|X) and Qz(t|X) denote the tth quantiles (0 ≤ t ≤ 1) of the condition-
al distribution of yi and zi and define
Qz(t|X) = t+ exp[Xb(t)]. (3)
The set of explanatory variables is denoted by X and b represents the esti-
mated parameters. The predictive equation includes the additive term t because
Qz(t|X) is bounded from below by t due to the additive random variable U [0, 1).
The model can be estimated in a linear form using the following logarithmic trans-
formation of z
Log(z − t) if zi . t
Log(6) if zi ≤ t
(4)
and regressing these values on X. The 6 term represents a suitably small positive
number. The transformation back to the yi counts uses the ceiling function
Qy(t|X) = [Qz(t|X) − 1]. (5)
The estimated quantile functions for zi (denoted as the jittered yi) provide a
smooth linear interpolation among the step functions for yi. The yi are described
as ‘jittered’ to signify that uniformly distributed random noise is added to the
original data. The result is that Qy(t|X) can be recovered from information on
Qz(t|X). The quantile function is not everywhere differentiable because the dis-
tribution function has corners. But when the explanatory variables in the model
include at least one continuous variable, the corner points have measure zero.
Machado and Santos Silver (2005) prove that the estimator is consistent and
asymptotically normal so that inference about the coefficients can be based
on Wald tests, which we perform.
To further motivate the approach, Figure 1 plots SCC as a function of number
of milk cows per operation. The sample of dairy farmers was split into quartiles
by herd size and then the SCC was computed for each dairy size quartile. The
medians of the SCC for each dairy size are represented by the horizontal lines
with the edges of the boxes revealing the 25th percentile and 75th percentile
(the lower and upper quartiles), respectively. Particularly among the three
largest quartiles, both median SCC and variability across farms decrease with
herd size. The variability of SCC for the largest herds is almost 18 per cent
lower compared with the smallest dairies. These observations conform with
the findings of Allore, Oltenacu and Erb (1997) and Oleggini, Ely and Smith
(2001) and also serve to suggest that SCC likely exhibits structural differences
across dairy farms of varying characteristics. While boxplots and related
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statistical tools are limited to examining the distribution of SCC with respect to a
single variable, the quantile regression method offers a powerful framework
with which to estimate models for the conditional median function along with
the full range of other conditional quantile functions, each as a function of a
set of explanatory variables.
One final concern in estimating Equation (2) is the possibility of endogeneity.
We discuss this possibility first with respect to SCCPremium. If dairy operators
select buyers based on characteristics such as incentives offered, then it is con-
ceivable that dairies with relatively low SCCs seek out buyers offering pre-
miums in order to reap benefits. In that case, then the estimated coefficient on
SCCPremium would only partially capture the effects of such offers on SCC
and would also include the effects of dairy self-selection.
There is intuitive reason to expect that endogeneity may not be a concern in
this setting. In an investigation of market power in the dairy industry, Sumner
and Ahn (2008) make two important observations on the market for farm
milk. One is that the bulk of the economic evidence on the dairy industry indi-
cates that dairy operations are competitive and are therefore price takers. Add-
itionally, raw milk is expensive to transport and the market for most farm milk is
local. These notions, taken in tandem, suggest that it is unlikely that milk produ-
cers have the ability to shop among buyers based on a menu of characteristics or
prices offered. This pertains to prices, inputs, schedules and a host of other
factors. These contentions are supported broadly for US agriculture as well.
Sexton (2013) notes that control in food industry contracts is nearly always exer-
cised downstream.
Fig. 1. Box plot of SCC by dairy herd size.
Note: The horizontal lines within the shaded boxes represent the median value, for each herd
size. The top and bottom edges of the shaded boxes portray the 75th and 25th percentiles,
respectively. The vertical lines indicate the range of the data, excluding outliers. The dots
entending upwards or downwards represent statistical outliers.
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We also consider the possibility of endogeneity resulting from the CowAge
and its relationship with milk prices. Practically, if milk prices are high, cows
may be culled less quickly, which may consequently increase CowAge and
then SCC. The converse is also true. But the culling/replacement decision-
making stems from a complicated process. Other factors such as feed cost,
cow’s health condition and productivity, as well as replacement cow’s product-
ivity and transition cost also need to be considered in making these decisions.
Therefore, a study using time-series or panel data is necessary to identify the
effects of prices and other factors on cowage and consequently effects on
SCC. Prices can certainly affect CowAge in such analysis, but the effect is
also conditional on other factors. Our data are cross-sectional and a single
year of annual data cannot reflect price effects on culling decisions or cow
age, both of which develop in the longer term. The market-level milk price,
moreover, will not be influenced by decisions of an individual dairy to change
the culling practices, further mitigating endogeneity concerns.
We also conduct a series of exercises to test for endogeneity in Equation (2),
and it is consistently rejected in the linear model. The details of our testing for
the SCCPremium are available in Appendix C. To investigate this issue for
CowAge, we estimated an alternative model with an added price variable. The
main results are virtually unchanged and our interpretations are robust. We can
find no evidence that omitting the price variable induces bias in the results of
the SCC model.
4. Results and discussion
In our approach, we estimate Equation (2) for five quantiles,q ¼ 0.05, 0.25, 0.50,
0.75 and 0.95. When studying a variable that exhibits a significant degree of
variation (SCC in our sample has a mean of 257 and a standard deviation of
115), it is a common practice to use quartiles as the quantiles selected for the re-
gression analysis, as did Machado and Santos Silva (2005). Doing so lends the
results to more straightforward interpretation and yields estimates of key rela-
tionships throughout the range of the data. In our own case, we are also interested
in the extremes of the distribution, hence the inclusion of the 0.05 and 0.95 quan-
tiles. The 0.95 quantile, in particular, is intended to provide insights into the
factors most important in driving variation in the 95th percentile of the SCC dis-
tribution. The significant factors of the 0.95 quantile regression have the stron-
gest implications for those dairies with the highest average SCC. We quickly
recognised that regressions based on the 0.05 quantile yielded no significant
findings, and given that those operations with the lowest SCC levels are of the
least policy concern, we dropped these results from our tables. Table 2 shows
the regression results for both the generalised Poisson (GPoisson) regression
and the quantile regressions.
Given that we only have one year of ARMS data with which to work, we are
limited to a cross-section analysis in estimating Equation (2). Therefore, care
must be taken in interpreting the regression results. We include a rich set of
controls as supported by the literature on fluid milk production, SCC and the
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incidence of mastitis. Equation (2) is intended to describe empirically the rela-
tionships between SCC and largely unexplored factors such as the buyer/produ-
cer relationship given the conditions in place as of 2005. Dynamic factors, which
we are unable to observe, have the potential to enrich the story and establish the
case for causality for many of our estimated relationships.
A striking feature of the results is the extent to which the GPoisson results
can differ from the quantile regression results. For example, according to the
GPoisson results, management practices have a positive and significant impact
on SCC, meaning that they reduce average milk quality. However, this index is
Table 2. Regression results for Equation (2), the determinants of SCC
Quantile
Generalized














































































































































Notes: Absolute values of z-scores in parentheses. The sample size for the regression is 1,552.
aDelta in this setting reports the dispersion of the SCC count data, conditional on controlling for the full set of covariates
in Equation (1).
Coefficient is significant *at the 0.10 level, **at the 0.05 level and ***at the 0.01 level.
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negatively and significantly associated with the 0.95 quantile for SCC among
dairy farms and is insignificant for the rest. This suggests important differences
in efficacy between the two approaches.
To investigate this further, we examine predicted SCC versus actual. We
predict SCC for a conventional (non-organic) dairy located in a traditional
dairy-producing state that receives a volume premium. The continuous explana-
tory variables from the model are set at their mean values. Figure 2 plots the hit
rate for both the quantile regression and GPoisson results, by SCC quantile. We
experimented with a number of different possibilities for conditioning the pre-
dicted SCC based on the variables in Equation (2). The percentage of accurate
predictions using count regression can change somewhat, but for high levels of
SCC the GPoisson estimation robustly gets 0 per cent of predictions correct. Our
hit rate methodology is drawn from Benoit and Van den Poel (2009), whereby a
prediction is considered accurate if the observed SCC meets or exceeds the pre-
diction. At the 70th percentile, the quantile regression for the count model suc-
cessfully predicts 32 per cent of the dairies with SCC levels at least that level,
well above the 2 per cent hit rate of the GPoisson. In fact, the GPoisson has
no predictive power for the highest levels of SCC, which translate for our esti-
mation purposes to the 0.75 and 0.95 quantiles. We focus the remainder of our
discussion on the richer and more flexible quantile regression results.
The factors shown to be important in shaping SCC at the 0.75 and 0.95 quan-
tile are of the highest salience in understanding the means by which bulk-tank
SCC in the United States may be reduced via cost-effective means. And in
general, the number of statistically significant explanatory variables grows
with quantile size. While not reported, no component of Equation (2) is signifi-
cant for the 0.05 quantile, suggesting that certain operations are structurally
Fig. 2. The percentage of correct SCC predictions, by quantile, for count regression and the
generalised Poisson.
Source: Authors’ calculations from 2005 NASS ARMS.
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oriented towards low SCC and high milk quality, likely owing to long-term
investments in capital and established relationships with buyers. Geographic lo-
cation is surely one of the important structural differences in determining SCC
among producers. We found that 77 per cent of dairy operations below the 0.25
quantile are located in western or traditional dairy states, while only 57 per cent
of operations at the 0.75 quantile or above are located in these states. Nine of the
regressors are significant for the 0.95 quantile of SCC, the highest we examine.
Dong, Hennessy and Jensen (2012) found similar lack of statistically significant
explanatory factors for the 0.05 quantile, except for buyer requirements for
testing. They found that requirements for testing for pasteurisation incubation
and for standard plate count were associated with lower SCC levels for the
0.05 quantile.
Several factors, some of which are comparatively easy to adjust on a per-farm
basis, are shown to significantly impact SCC at the highest quantiles. The afore-
mentioned management practices are negatively and significantly associated
with SCC at the 0.95 quantile. Several of the included practices are used by rela-
tively few operations, meaning that the wide-scale adoption of forward purchas-
ing or individual cow production records could lead to economically significant
SCC reductions. Organic certification is associated with reduced SCC for the
0.50, 0.75 and 0.95 quantiles. Taking this finding into account, the overall
impact of organic production on SCC and milk quality remains unclear, particu-
larly in a dynamic setting, given that the results do not inform as to the long- or
short-run effects of obtaining certification on SCC. But it is evident that it is
associated with improvement among the operations with the highest SCC levels.
There is ample evidence that penalty and reward schemes, as constructed
within buyer–producer relationships, have the potential to reduce SCC where
it is the highest. Premiums based on achieving SCC below agreed-upon thresh-
olds effectively reduce SCC for the 0.50 and 0.75 quantiles. Volume premiums
are significant in lowering SCC for the three largest quantiles. This finding
may be capturing, in part, increased efforts on the part of producers to increase
yields, which have been inversely linked to SCC. In this respect, we observe
another case where the quantile-based results differ importantly from those of
the GPoisson, which measures a small but positive and significant impact on
SCC. Increased milk testing is shown to reduce modestly SCC for the 0.75
and 0.95 quantiles.
Rounding out the significant findings, larger herd sizes are associated with
decreased SCC at the 0.95 quantile. The quadratic herd size term is positive
and significant, conforming to expectations and indicating that herd size shares
a ‘u-shaped’ relationship with SCC among those farms with lowest milk
quality. Among the highest quantiles, SCC is lower in both the western states
and the traditional dairy states, as compared with the remaining states in the
survey. Dong, Hennessy and Jensen (2012) found a relatively consistent and
positive effect on SCC levels across the quantiles for states in the southeastern
region (Tennessee, Kentucky, Florida and Georgia). The average age of the
dairy herd significantly contributes to SCC for the 0.50 and 0.95 quantiles, a
finding similar to that of Dong, Hennessy and Jensen (2012), who measured
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herd age in the same fashion. We find little to no effects on SCC for housing age,
biosecurity guidelines or buyer-imposed penalties related to the potential price
decreases.
4.1. Conditional SCC predictions and marginal effects
The interpretation of coefficients in quantile regression for count data is not en-
tirely intuitive. Following Miranda (2008), we calculate the predicted SCC and
marginal effects for all explanatory variables, by quantile. The marginal effect




j is given by
Dj = QSCC(a|x1j , X) − QSCC(a|x0j , X), (6)
where QSCC is the value of the conditional quantile of SCC, a is the quantile
itself (0.25, 0.50, 0.75, 0.95) and X is still the vector of remaining explanatory
variables, with continuous variables held at their means and dummy variables
at their modes. The marginal effects can be interpreted as the predicted
impact of an incremental change in the variable of interest on SCC.
As Miranda (2008) notes, this procedure is important in the quantile regres-
sion setting because a significant regression coefficient does not necessarily
mean that the marginal impact is also statistically significant. The results are
reported in Table 3.
Once again it is evident that many factors have the strong potential to impact
SCC at the highest quantiles, particularly 0.95. For those farms in the highest
quantile in terms of SCC, each additional management practice leads to a reduc-
tion in SCC of 10,600. The implementation of additional practices such as those
listed in Appendix B certainly requires case-by-case consideration, but as noted,
several of the individual practices were only in place at fewer than half of
all operations as of 2005. Organic certification is associated with a marginal re-
duction of 41,000 for the 0.75 quantile and 87,000 for the 0.95 quantile. The
SCC-based premium can lead to a marginal decrease of 75,000–90,000 for
farms in the upper half of average SCC, although the effect is not significant
for the 0.95 quantile. The volume-based premium has significant marginal
effects for the three largest quantiles which grow in magnitude with average
SCC. It has a marginal impact of 64,000 for farms in the 0.95 quantile.
The marginal effects for many of the remaining variables are in line with the
signs and statistical significance of the estimated coefficients in Table 2. Large
marginal impacts persist across quantiles for operating in western or traditional
dairy states. Each additional year in average age of the dairy herd has a marginal
increase of 11,000 for the operations with the highest SCC.
The marginal effects with respect to herd size are somewhat surprising, at first
glance. Given that larger operations tend to have lower SCC, we might expect
herd size to have a negative impact on SCC. In most cases, the marginal
effect of increasing herd size by 1,000 cows is insignificant, though for the
0.95 this effect (accounting for the linear and quadratic regression coefficients)
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is positive and significant. Since the operations with the highest average SCC are
likely to be the smallest, this may reflect the notion that these small operations
are best suited to very small herds and produce lower quality milk given
increases in herd size.
It is interesting to note that, among those dairies in the 0.75 and 0.95 quantiles,
several of the controls that are capital-intensive or involving high fixed costs
have small or insignificant marginal effects on SCC. While more work, ideally
with a longitudinal data set, is called for to estimate dynamic impacts of the
imposition of premiums or penalties, the results demonstrate that such factors
alone have the potential to significantly reduce SCC in the dairy industry. Given
thateachmarginaleffect iscalculatedholdingallothersconstant,wehaveevidence
that the role of incentives is distinct from that of investment, as premiums are asso-
ciated with large decreases in SCC without important changes in factors such as
housing age, herd size or biosecurity measures. Organic certification is costly for
US dairy producers (Greene et al., 2009), but given our findings and the potential
Table 3. Estimated marginal effects for covariates, by quantile

































































































Notes: Absolute values of z-scores in parentheses. Marginal effects are calculated setting all continuous variables to
their mean and all dummy variables to their mode, following Miranda (2008).
aThe marginal effect for herd size takes into account both the linear and quadratic terms estimated and reported in
Table 2.
Coefficient is significant *at the 0.10 level, **at the 0.05 level and ***at the 0.01 level.
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benefits in terms of SCC reduction, there is reason to evaluate the costs associated
with certification in comparison to those associated with capital investments
aimed at SCC reduction. The observed benefits of organic production on SCC
also have policy implications, for example potential certification cost sharing.
4.1.1. Predicted SCC and dairy operation profitability
Many of the economic studies on SCC, mastitis and related issues have con-
ducted measurements of economic loss, much of which is due to lost revenues
or profits on the part of dairy producers. Recall that SCC is inversely related to
both yields and prices for farm milk. Following MacDonald et al. (2007), we
define net returns as the difference between the gross value of production and
total costs, where the gross value of production for the dairy enterprise includes
payments from milk production, from sales of dairy animals, and from other
sources. Positive net returns indicate that the dairy is able to cover all costs, in-
cluding costs of capital recovery. Henceforth, we describe operations having
positive net returns as being profitable.
By this definition, only 29 per cent of the surveyed dairy operations were prof-
itable as of 2005, as shown in Table 4.3 The average net return across the entire
survey is 2USD 6.96 per cwt. However, the incidence of dairy farm profitability
can differ importantly by SCC levels. The 75th percentile (P75) of SCC in our
sample, or 275,000, is one convenient threshold to use as an example. Thirty-
two per cent of operations with SCC below P75 are profitable, while 22 per
cent of those above this threshold are profitable. Hence those below this thresh-
old are 10 percentage points, or nearly 50 per cent, more likely to be profitable.
Additionally, P75 is in between the predicted SCC levels for the 0.50 and 0.75
quantiles in Table 3. Since so many marginal effects are significant for dairies in
the 0.75 quantile, it is straightforward to observe the means by which predicted
SCC levels below the P75 threshold can be attained.
Via the marginal effects reported in Table 3, we are able to visualise a number
of means by which dairy operations with SCC levels above P75 can slip below
that threshold and improve the likelihood of profitability. Naturally, effective
and cost-effective SCC reduction is a process that, in practice, needs to be eval-
uated and carried out on a per-operation basis. However, let us assume for this
exercise that each operation in the 0.75 quantile has the predicted SCC of
320,000. For those operations whose buyers do not offer an SCC premium,
implementing one is predicted to lower SCC by 75,000, thereby reducing
SCC to beneath P75. There are paths to P75 even for those operations in the
0.95 quantile. For example, switching to organic production, the addition of a
volume premium and a reduction in the average age of the dairy herd by two
years can achieve predicted SCC of below P75.
The P75 threshold is of course illustrative and arbitrary. More importantly,
the dairy operations in ARMS illustrate an important economic relationship
3 Comparisons across countries are challenging due to the use of different data sets and metrics for
performance and profitability. However, this statistic can be compared with the work of Peerlings
andPolman (2008)who noted that for themostpart Dutch dairy farms arehighlyprofitable. Among
other factors worth considering, the maximum allowable SCC in the Netherlands is 400,000.
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between SCC levels and profitability. Table 4 reports average net returns and
percentage of profitable operations by SCC decile. The relationship is not per-
fectly inverse, as SCC is not the only element that affects profitability. However,
the highest SCC decile has the lowest share of profitable operations, at 18 per
cent. The eighth, ninth and tenth SCC deciles have three of the four lowest
average net returns. Our results indicate that there are numerous strategies
that dairy operations as well as buyers can undertake to reduce SCC such that
expected net returns and the likelihood of dairy profitability can increase in eco-
nomically significant numbers. Therefore, the incentives are in place, at the firm
level, to reduce SCC domestically. Numerous caveats apply here, most import-
antly that our investigation between SCC and net returns is exploratory and that
the moving from one SCC decile to another does not necessarily yield higher net
returns. Additionally, this discussion highlights the importance of fully under-
standing the costs associated with any of these potential changes, and weighing
these costs against the benefits of increased profitability owing to higher milk
quality. Our results alone do not provide a recipe for producers to achieve posi-
tive net returns.
While it is not a goal of this article to analyse or predict dairy farm returns or
profitability, there are certainly factors at play, beyond SCC, in determining
profitability in the US dairy industry alone. Several of these are likely to be con-
founding factors, shaping net returns and SCC jointly. MacDonald et al. (2007)
suggests that dairy size is likely to be an important example of such considera-
tions. To that end, we also break down profitability by SCC decile for only those
operations with herds larger than 500 cows, as shown in the two columns on the
right in Table 4. It is immediately apparent that larger dairies are far more likely
Table 4. Average net returns and the share of profitable operations, by SCC decile
SCC decile (%)
All dairy operations








Per cent of profitable
operations
1–10 2$10.44 23.5 (153)a 2$0.49 56.5 (23)
11–20 2$5.74 38.9 (157) $1.93 71.8 (32)
21–30 2$5.40 35.9 (131) $0.71 68.9 (29)
31–40 2$4.40 34.8 (164) $1.33 75.0 (40)
41–50 2$3.99 41.3 (109) $2.74 71.8 (39)
51–60 2$6.01 28.4 (201) $1.01 65.7 (35)
61–70 2$4.88 36.1 (83) $2.77 78.9 (19)
71–80 2$7.52 22.8 (202) $0.79 53.5 (28)
81–90 2$7.14 27.6 (130) $1.70 75.0 (16)
91–100 2$10.72 18.4 (223) $1.61 65.2 (23)
Total 2$6.96 29.4 (1,553) $1.43 68.3 (284)
Note: The numbers are not equal across deciles due to the count nature of the data, which leads to several operations
having identical SCC levels.
aNumber of dairies is included in parentheses.
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to be profitable, as 68 per cent of these 284 large operations have positive net
returns and the average for the group is $1.43 per cwt. But also importantly,
the link between SCC and profitability is not at all obvious among these
larger operations. Recall that Figure 1 demonstrated that the variability in
SCC was the smallest among this group of the largest dairies. All factors consid-
ered, reductions in SCC may be particularly relevant to smaller dairy operations,
and more work is called for in this regard.
5. Conclusions
We synthesise much of the work that has been done on measuring the biological,
managerial and economic determinants of SCC in farm milk. We develop and
estimate a model of SCC that draws upon several key factors, with the intent
of highlighting incentive-based means by which SCC may be reduced among
US dairy operations. Importantly, we apply quantile regression to count data
to account for the statistical properties of the ARMS dairy data and to measure
directly the impacts of management and production practices and various incen-
tives on dairy producers with the highest SCC levels, as these are the operations
standing to benefit most from novel approaches to SCC reduction.
Our results indicate that many managerial factors and production practices
have the potential to reduce significantly SCC for those operations with the
highest average levels. Possibilities include volume-based premiums and
increased testing requirements on the part of buyers, organic certification and
the utilisation and maintenance of younger dairy herds. Given that we corrobor-
ate many findings drawn from research on milk quality among international
producers, particularly those in the EU, our results with respect to SCC have
international relevance as well.
We also uncover a potentially important link between high SCC and low dairy
profitability and discuss several means by which dairy farms can reduce their
SCC in order to increase their potential net returns substantially. There appear
to be economically important differences across SCC levels in terms of the like-
lihood of positive net returns. However, it is important to note that these impli-
cations do not necessarily pertain to the largest dairy operations in the United
States, which are the most profitable and do not exhibit a clear relationship
between returns and SCC.
In terms of policy implications, our work suggests that for many dairy opera-
tions, SCC can be reduced substantially through cost-effective means. One ef-
ficient approach may be through efforts to forge closer relationships between
dairy producers and their buyers, as relationships involving more detailed
reward and punishment schemes seem to have potential to reduce SCC among
those producers with the highest levels. We demonstrate that organic production
is associated with significantly lower SCC among dairies with high levels, sug-
gesting that policies to subsidise or streamline the often costly organic certifica-
tion process may have benefits in this respect. Efforts to achieve SCC reductions
may be less effective among the largest dairies, those with greater than 500 cows,
but this is not to say they should be ignored.On theother hand, the results mayhelp








niversity user on 03 N
ovem
ber 2020
to provide a roadmap towards greater profitability and competitiveness among
smaller dairies. Therefore, our results have implications for rural economies
and producer welfare.
There are several limitations and cautions to the findings reported in this
article. The SCC level is reported as an annual average level. This value
smooths considerable variation that may occur during the year. We find that
the level of SCC premium received is associated with state level indicators.
This suggests aspects of the buyer-dairy market may be important and therefore
warrant further investigation. Although this market environment may be cap-
tured in part by the regional binary variables, there may be other buyer practices
that are not fully controlled for by our regional variables.
Our results leave much room for future work. One strongly motivated avenue
is an improved understanding of the determinants of net returns, or profitability,
in the dairy industry. Such research must account for SCC, given the large
number of potential confounding factors involved. But increases in our under-
standing of profitability would greatly enrich this story and likely provide
insights into how SCC may be effectively reduced even among the largest
dairies in the United States. Many of the insights gleaned from our work
could be reinforced and incorporated into a framework of entry and exit from
the industry through the use of longitudinal data. Investigating SCC in this
regard is not possible with the ARMS data due to changes in the questionnaire,
so future research on this topic must seek out alternative avenues.
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Appendix A: Details on the formulation of TestPenalty
and PricePenalty
In the 2005 ARMS Survey, farm managers were asked a series of questions per-
taining to the requirements and interests of their milk buyers. One question in
particular asked about the testing requirements posed by buyers and the conse-
quences faced for not meeting these requirements. There are eight testing
requirements listed in the question. They are as follows:
Does the buyer of your milk or your milk cooperative require:
(a) Testing for extra water?
(b) Testing for antibiotic residue?
(c) Testing for pesticides or other residue?
(d) Testing for PI (Pasteurisation Incubation)?
(e) Testing for SPC (Standard Plate Count)?
(f) Your cows to pass a test for tuberculosis?
(g) Your cows or milk to be tested for other pathogens (such as Salmonella,
Campylobacter, Cryptosporidium, Listeria, Escherichia coli.)?
(h) You to follow a Hazard Analysis and Critical Control Point (HACCP)
programme or the Performance-Based Dairy Farm Inspection System?
For each requirement, the farm manager’s answer has three components. The
first is to mark yes or no. The next two components are only relevant if the
answer to the first part is yes. They are as follows: Are you receiving a
premium for meeting this requirement? and What is the consequences of not
meeting the requirement? Farm managers are provided with a code to answer
the consequences portion of the question, with the following choices:
1. Issued only a warning.
2. Buyer/cooperative sends out a representative.
3. Required to attend training course.
4. Buyer/cooperative reduces price/fee paid.
5. Buyer/cooperative would not purchase milk.
6. Buyer/cooperative cancels or does not renew contract.
7. Milk tested more frequently.
8. No consequence.
9. Other consequence.
TestPenalty is calculated as the number of tests required of the farm manager for
which the consequence of failure is additional testing, or option 7. PricePenalty
is the number of tests for which the consequence is a reduction in the price paid,
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or option 4. Given that there are eight potential requirements, the indexes range
from 0 to 8.
Appendix B: Details on the formulation of
SecurityGuidelines and MgmtPractices
In the ARMS survey, farm managers were asked to answer ‘yes’ or ‘no’ to a
series of questions pertaining to the security guidelines and management prac-
tices in place. The applicable guidelines and practices are detailed in Table B1.
For the purpose of this study, each operation is given scores based on both
categories, called SecurityGuidelines and MgmtPractices, respectively. The
score in each case is calculated as the total number of yes responses within
categories.
Appendix C: Statistical tests for endogeneity
in estimating Equation (2)
The potential for testing for endogeneity in a quantile regression framework is
limited. We apply the procedures outlined by Wooldridge (2002), as developed





Guideline 1 Farm had guidelines for allowing visitors in animal areas 36
Guideline 2 Farm determined the geographical source of incoming
cattle
30
Guideline 3 Farm trained employees on the introduction and spread
of disease
45




ArtifSemination Farm used artificial insemination for genetic selection 79
Embryo Farm used embryo transplants for genetic selection 11
ControlBreed Farm controlled the breeding/calving season 31
VetService Farm used regular scheduled veterinary services 70
Nutritionist Farm used a nutritionist to design mixes or purchase feed 71
FeedDelivery Farm used a computerised delivery system 14
ProdRecords Farm kept individual cow production records 71
OnFarmComputer Farm used an on-farm computer to manage dairy records 46
Internet Farm accessed the internet for dairy information 52
ForwardPurchase Farm used forward purchasing to lock in input prices 28
PriceDiscounts Farm negotiated price discounts with suppliers for
inputs
44
Source: Authors calculations based on 2005 ARMS.
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from an omitted variables perspective. We conduct our tests using two sets of
instruments. The first is a set of variables drawn from ARMS that are correlated
with the premium. Collectively, these reflect long-term planning decisions that
relate to the linkages between dairy operations and buyers. We selected them for
their measurement or inclusion of special information about dairies that the
buyers, or cooperatives, use to set SCC premium payments, among other deci-
sions. We include indicator variables on income flows between the dairy and the
buyer, including whether the operation received patronage dividends and the
receipt or payment of assessment rebates and refunds (including capital
retains or equity payments). Also used is a variable indicating if the dairy sold
milk to a cooperative in which the producer was a member. A final instrument
measured how many more years the operator expects to continue operating
the dairy and producing milk. We find that farmers with longer time horizons
for continuing to produce have higher SCC premium payments.
The second set of instruments are higher-moment variables constructed using
the continuous variables in Equation (2). Lewbel (1997) demonstrated that
higher-moment variables, constructed using the data at hand, are valid instru-
ments with the caveat that they may be weak. This approach is most appropriate
when applied to cross-sectional datasets and when the variables, particularly
those for which endogeneity is a concern, exhibit skewness. We follow the ap-
proach of Hsiao et al. (1998) to calculate a set of theoretically valid instruments.
For farm i they are constructed as
Lewbel 1i = (S∗i − S
∗)2,
Lewbel 2i = (H∗i − H
∗)2,
Lewbel 3i = (S∗i − S
∗)(H∗i − H
∗),
where S is SCC and H is herd size and S∗i (Si − S) with S as the mean of Si.
Following Wooldridge (2002), we assume that a subset of the explanatory
variables in the model, denoted x2, are potentially endogenous with coefficients
denoted by D2. The remaining explanatory variables, x1, are considered to be
exogenous. The suspect variables have a linear reduced form, written as
x2 = zP2 + n2, where P2 is a matrix of reduced form parameters and the
reduced form error is n2. To test for endogeneity, we estimate the reduced
form to obtain the OLS estimates. Define n̂2 = x2 − ẑP2 as the residuals from
the OLS estimation. We next estimate the generalised Poisson model with
regressors x1, x2 and n̂2. The resulting coefficients provide consistent estimates
following standard arguments from two-step estimation methods.
The formal test for endogeneity is straightforward. A test of the null hypoth-
esis that D2 ¼ 0 uses a Wald or Lagrange Multiplier test. The test statistic
follows a x2 distribution with degrees of freedom equal to the number of poten-
tially endogenous variables. A failure to reject the null hypothesis is evidence
that the variables are exogenous. Wooldridge notes that the procedure is very
robust and can be applied when the y2 contains binary, count or other discrete
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variables. The Hausman test for the endogeneity of the SCC premium variable
did not reject the null hypothesis of exogeneity. The calculated x2 statistic of
0.02 was well below the critical value for a x2 with 1 degree of freedom at
any conventional significance level.
A more rigorous investigation into the incidence of SCC premiums reveals
that the offering of these premiums is highly dependent on geography. In
most states, the share of producers offered an SCC premium is either quite
high, in the range of 60–72 per cent. However, in the southern states, the
share is 22 per cent. Practically, this corroborates Sumner and Ahn (2008) in
that the possibilities for producers to select among buyers based on characteris-
tics such as premiums are limited. Statistically, it means that any systematic dif-
ferences in the effect of premiums on SCC levels is captured by the regional
dummies and is therefore not in the error term and not a concern for endogeneity.
Further details on these findings are available from the authors.
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